human stressors, such as changes in biomass, through marine food webs. We devised a novel approach to identify such species. We constructed annual interaction-effect networks (IENs) 
efectos complejos de múltiples estresantes humanos, como los cambios en la biomasa por medio de las redes alimenticias marinas. Diseñamos una metodología novedosa para identificar a dichas especies. Construimos una red de efectos anuales de interacción (IEN, en inglés) a partir de los cambios simulados en la biomasa entre especies del sistema marino del sureste de Australia. Cada IEN anual estuvo compuesta por las especies conectadas por una respuesta aditiva (la suma de las respuestas individuales al estresante), sinérgica (una biomasa menor en comparación con los efectos aditivos) o antagónica (una mayor biomasa en comparación con los efectos aditivos) ante los efectos de interacción del calentamiento oceánico, la acidificación oceánica, y las pesquerías. Estructuralmente, durante el periodo de simulación, el número de especies y conexiones en los IEN sinérgicos incrementó y la estructura de la red se volvió más estable. La estabilidad de las IEN antagónicas disminuyó y se volvió más vulnerable ante la pérdida de especies. En contraste, no hubo cambio en los atributos estructurales de las especies conectadas por una respuesta aditiva. Con el uso deíndices comunes entre las redes alimenticias y la teoría de redes identificamos a las especies en cada IEN para las cuales un cambio en la biomasa por causa de los efectos estresantes afectaría desproporcionalmente a la biomasa de las otras especies por medio de interacciones de alimentación locales, intermedias y globales del tipo depredador -presa directas o indirectas. Si sabemos cuáles especies transfieren el mayor número de respuestas sinérgicas o antagónicas en una red alimenticia podemos informar a la conservación que está bajo impactos estresantes cada vez mayores.
Palabras Clave: cambio climático, especies clave, redes alimenticias marinas, redes de interacción de efectos
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Introduction
Society's demand for sustainable management and conservation of marine diversity compels us to increase our understanding of the combined effects of stressors caused by human activities (Beaugrand et al. 2014 ). An important question in this context is whether one can identify species that contribute relatively more to the transfer of the effects of complex multiple stressors through marine ecosystems. Knowing such species may inform conservation strategies to conserve species (McDonaldMadden et al. 2016) . Food webs (i.e., maps of trophic interactions between species) provide a quantitative framework to investigate species' feeding relationships (Thompson et al. 2012) . The complex predator-prey interactions between species in food webs are increasingly part of ecosystem simulation models, such as OSMOSE (Christensen & Walters 2004; Travers-Trolet et al. 2014 [Ecopath with Ecosim] ) and Atlantis (Fulton et al. 2007 . They have proven useful as virtual laboratories to explore the impact of stressors at the species, community, and ecosystem levels (Griffith et al. 2011 (Griffith et al. , 2012 Nye at al. 2013; Fu et al. 2018) .
The effect of the individual and combined effect of human activities on marine ecosystems from model simulations has been analyzed using a factorial meta-analysis approach where the response of each simulation, such as the change in biomass between species, is calculated using effect size as a common scale and as a measure of interaction strength (Gurevitch et al. 2000; Crain et al. 2008) . The advantage of this approach is that it allows the complexity of combined stressor effects to be explored in a simple framework where the changes in effect size between pairs of species are classified as additive, synergistic, or antagonistic. An additive response occurs where the combined effect of the stressors is equal to the sum of the individual effects. Most theoretical and applied conservation research assumes additivity because it underlies ANOVA models used in experimental studies on stressor effects, and additivity is the null hypothesis in multiple stressor studies. Other models exist, such as multiplicative models, where the outcome is the product of the individual stress effects or comparative where a single dominant stressor drives the combined stressor effects (Darling & Côté 2008) . The additive approach has the advantage of being the most conservative in assigning and quantifying the negative effect of multiple stressors (Crain et al. 2008) . If the additive model is the null hypothesis, then any significant deviation greater than the additive effect can be classified as synergistic or less than the additive effect as antagonistic.
We extended this concept to identify the most important species at a local, intermediate, and global scale in transferring either a synergistic (lower biomass compared with additive effects), additive, or antagonistic (greater biomass compared with additive effects) response to the combined effects of ocean warming and ocean acidification, and fisheries on the southeastern Australian marine system to year 2050.
Methods

Study Area and Model
Our study area was the southeastern Australian marine ecosystem. The changes in biomass for 54 trophospecies or individual species from year 2010 to 2050 were
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Step-7 IdenƟfy important species in each IEN i.e. betweenness centrality simulated using the dynamic, largely deterministic endto-end (E2E) Atlantis-Southeastern Australian ecosystem model (Fulton et al. 2007; Fulton et al. 2011 ) (Supporting Information). The trophospecies consist of groups of organisms sharing the same predators, prey, and feeding links or represent individual species. For simplicity, we refer to species as either trophospecies or individual species. Although there is ongoing and intense debate about E2E models (Griffith & Fulton 2014; Kaplan & Marshall 2016) , Atlantis has proved useful for investigating the spectrum of potential community and ecosystem responses from global and regional human impacts (Griffith et al. 2011 (Griffith et al. , 2012 Kaplan et al. 2012; Nye et al. 2013) . We simulated the effects of ocean warming and ocean acidification, and commercial fisheries. The degree of ocean warming was simulated using oceanographic output from the CSIRO Mk version 3.5 climate system model (Gordon et al. 2010 ) of the IPCC RCP 4.5 projections (IPCC 2014) . Fisheries include the groups and fishing methods of the current Australian quota management system (Fulton et al. 2007) . Oceanic pH for the region is predicted to change from 8.07 in 2000 to 7.92 by year 2050 (IPCC 2014) . We modeled the effect of pH change as an additional mortality on the benthic invertebrate functional group of between 0.1% and 0.3% per day based on observations (Griffith et al. 2012; Fay et al. 2017) .
Classifying Interaction Effect Between Species
We applied the following steps to classify the response of each pair of species to the interaction effect of the stressors as synergistic (lower biomass compared with additive effects), additive (equal to the sum of the individual stressors), or antagonistic (greater biomass compared with additive effects) (Fig. 1) .
In step 1, we ran 4 model simulations from 2010 to 2050: control with no stressors (CT), the individual effect of fishing (F), ocean warming with ocean acidification (OW), and the combined effect of ocean warming, ocean acidification, and fisheries (FOW). The individual simulation (OW) included ocean acidification. We considered OW the realistic simulation because it accounts for the interplay between ocean warming and ocean acidification. We tracked the daily difference in biomass between species based on nitrogen (mg N/m 3 ) or silicon (mg Si/m 3 ) for diatoms and then averaged daily difference to calculate annual biomass for each species (Supporting Information).
In step 2, separate matrices were created for each simulation (CT, F, OW, and FOW) that showed the annual difference in biomass between pairs of species (predator and prey).
In step 3, the interaction effect (I) of the stressors between each pair of species was calculated applying the meta-analysis approach of Hedge's d, similar to an analysis of variance (ANOVA) (Gurevitch et al. 2000; Crain et al. 2008) . Most multiple stressor models based on ANOVA assume additivity (Crain et al. 2008) . In comparison, our hypothesis was to test how often the interaction effect of the multiple stressors deviated from the null model of additivity, consequently we applied Hedge's d. The I between each species pair was calculated as
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In step 4, the individual effects between each pair of species, which represent the response in the presence of a stressor alone versus the control, are depicted with a lowercase subscript and were calculated as
In step 5, we classified the response between each pair of species in the I matrices as either additive, synergistic, or antagonistic with a classification scheme that considered the direction (positive, neutral, or negative) and magnitude of the effect sizes of the individual stressors (Y F , Y OW ) and I (Fig. 2) . Considering both the direction and magnitude of the individual effects and the interaction effect rather than just the interaction effect alone is more successful (Crain et al. 2008 ) in correctly identifying a synergistic or antagonistic response (Piggot et al. 2015) . We then applied a simplified classification based on Fu et al. (2018) as follows: antagonistic,
Statistical significance tests of effect size with p values as conventionally applied were not used for 2 reasons. First, our simulations produced very small p values regardless of the effect size. Second, the null hypothesis of no difference between simulations is known a priori to be false (Wilson White et al. 2014 ).
Building IEN
In step 6, we subdivided each annual I matrix into additive, synergistic, or antagonistic matrices based on the classification scheme (Fig. 1) . The matrices were composed into networks we termed interaction-effect networks (IENs) (Supporting Information). The advantage of the network approach over just considering biomass changes between species lies in its ability to reveal the complex direct and indirect pathways of stressor response on food-web structure and functioning (Thompson et al. 2012; Dale 2017) . Each IEN was visualized using the software Network3D (Williams 2010) . The network nodes represented the species and the links the interaction affect (Y I ) between predator and prey.
Identifying Important Species
In step 7, owing to the structural complexity of networks, there was no 1 network index for quantifying species importance (Lai et al. 2012) . A single network index may not fully reflect the structural or ecological importance of a species requiring the application of multiple measures (Estrada 2007) . We wanted to identify the most important species for transferring an interaction effect between species at different scales of interaction effect. Consequently, we chose indices commonly used in food-web research to describe the level of interactions a species has within the network structure at a local, intermediate, and global scale (Jordán et al. 2006; Dambacher et al. 2010; Opsahl et al. 2010; Lai et al. 2012 ). The indices we chose comprise a set of management indices applied to prioritizing strategies to identify the best combination of species to conserve with limited resources (McDonald-Madden et al. 2016 ). There are numerous other food-web indices that have been applied to large ecosystem and food-web models that can also be applied to our approach (e.g. Plaganyi & Essington 2014). To identify the most important species for transferring the different interaction effects at a local scale we used 2 indices that originated in social network theory. First, degree centrality (D) that simply quantifies the number of predators and prey a species has (Jordán et al. 2006) . Second, weighted betweenness centrality (B i ) that quantifies how frequently a species is part of the shortest path of between 2 species by weighting the interaction effect size between species (Opsahl et al. 2010) . Species with the highest B i can be positionally very important because any change in a species interaction effect size can be rapidly spread to many other species and can represent a single point of failure in the food web (Borgatti & Everett 2006) . For interaction effects at the intermediate scale, we used 2 variations of the keystone index for direct (K dir ) and indirect effects (K indir ) to assess the importance of species in transferring stressor effects between trophic levels (Jordán et al. 2006 transferring stressor effects globally through the food web, we used 2 indices. First, weighted closeness centrality (C i ), a global measure that quantifies the shortest pathways for a change in 1 species to impact all (Opsahl et al. 2010) . Species with a high C i are important because any effect of the stressors on their biomass can affect the biomass of others more quickly. Second, a modified Google PageRank (GPR) index, a global measure that classifies key species as those where any change in biomass can impact the most number of other species via both the direct and indirect predator and prey interactions (Allesina et al. 2009 ).
We also applied 1 index of species importance based on the functional role of species in the different food-web structures. Many of the common functional indices often support the traditional view that either top predators or producers are of the highest importance (Hobday et al. 2015) . Instead we used the functional keystonesness index (KS) (Libralato et al. 2006) , which has the property of attributing high values of functional importance to species that have both low biomass proportion and high overall effect. Indices were calculated with Network 3D (Williams 2010) and Matlab R2017b.
Structural Properties
To characterize the structural properties of each IEN, we applied 4 standard food-web metrics to each IEN: linkage density, generality (mean number of prey per predator), vulnerability (mean number of predators per prey), and robustness (minimum set of secondary extinctions that occurs in response to a particular perturbation, such as species removal (Dunne et al. 2002; Williams 2010; Thompson et al. 2012) . The attributes were calculated using the software Network3D (Williams 2010) .
Results
Structural Attributes
The additive IENs had an average of 13 links per species. The antagonistic IENs averaged 6 links per species in year 2010 and 3 links per species by year 2050. The synergistic IENs showed an increase in links per species from an average of 6 in year 2010 to 10 by year 2050 (Fig. 3a) . The mean number of prey per predator (generality) by year 2050 was 47% greater in the antagonistic and 10% greater in the synergistic IENs when both were compared with the additive IENs (Fig. 3b) . In the additive and antagonistic IENs, generality remained constant between years 2010 and 2050, but it fell 13% between year 2030 and 2050 in the synergistic IENs. The number of predators per prey (vulnerability) in the antagonistic IENs fell by 12 % between year 2010 and 2020 and then increased 25 % by year 2050 (Fig. 3c) . By year 2050 there were 40% greater predators per prey in the antagonistic IENs compared with the synergistic IENs. In the synergistic IENs the mean number of predators per prey was relatively constant between year 2010 and 2050. Analysis of the robustness of each structure by randomly deleting species to test for secondary extinctions showed increasing robustness by 95% at year 2050 for the synergistic IENs (Fig. 3d) . The antagonistic IENs showed decreased robustness of 34% by year 2040. The additive IENs showed a negligible (<1%) change in robustness between years 2010 and 2050.
Additive Interaction Effects
All indices except the keystone index identified either mesopelagic fish or demersal fish as the most important species for transferring additive effects (Table 1) . Apart from the keystone index, each index identified the same species over the simulation period. Degree, the simplest structural index identified mesopelagic fish (midtrophiclevel species) as the species with the highest number of links with other species. Closeness centrality identified mesopelagic fish as the species most important in effecting biomass changes via the shortest pathway to other species. The Google PageRank algorithm identified demersal fish as the key species for global interaction effects. The functional importance index identified demersal fish species with the highest keystoneness. Orcas and pelagic sharks were the most important direct keystone species with additive effects.
Synergistic Interaction Effects
In comparison to the additive IENs, the most important species identified by each index for transferring synergistic effects altered between years 2020 and 2030. At the local scale, demersal sharks were replaced by mesopelagic fish by year 2030 as the species with the highest degree. Mesopelagic fish replaced demersal fish by year 2020 as the most important species for transmitting locally indirect synergistic effects. At the mesoscale, by year 2020 pelagic sharks replaced orcas as the most important indirect keystone species and demersal fish replaced small pelagic fish as the most important indirect keystone species. Globally, both the closeness centrality index and Google PageRank algorithm, showed that by year 2030, mesopelagic fish became the most important species, where a reduction in their biomass from the interaction effect of the stressors would negatively affect the highest number of other species most quickly and the most number of other species via direct and indirect predator-prey interactions. Although the structural indices showed the change to mesopelagic fish as important species, the functional keystonesness index showed a shift by 2020 to demersal fish species. 
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Antagonistic Interaction Effects
Within the antagonistic IENs, represented by the species linked by a stressor interaction effect that resulted in a greater biomass for each species, the indices identified the greatest variation and changes in important species. With local interaction effects, small pelagic fish replaced shark species as the species with the highest degree. The betweenness index identified a change in most important species from piscivorous fish to the very important commercial benthic blue grenadier (Macruronus novaezelandiae) fish by year 2030, which was then replaced by seal species to year 2050. At the mesoscale, top predator species, such as the sharks and orcas, were replaced by cephalopods as the most important direct keystone species and carnivorous infauna as the most important indirect keystone species. At the global scale, antagonistic interactions resulted in no change. Zooplankton species were identified as the most important species by closeness centrality in transferring the effects more quickly by the modified Google Page Rank to the most number of other species via direct and interacting feeding pathways. The functional keystonesness index identified different most important species in each decade until year 2040. After 2040 demersal fish species were identified by all the indices as the most important species responding to antagonistic effects.
Discussion
Decisions about the allocation of scarce conservation resources often focus on individual species without considering how that species is linked to other species within the ecosystem. Considering species in isolation may not only be detrimental to the species one wishes to conserve but also to other nonfocal species (McDonald-Madden et al. 2016) . We have shown an approach to identify the most important species within networks of species linked by either an additive, antagonistic, or synergistic interaction effect response to stressor effects on biomass changes within a large marine ecosystem. The importance of considering a range of network theory indices is underscored by our finding that each index identified different important species between and within each annual IEN. That different indices should identify different species within each annual IEN is not surprising given that each index identifies important species depending on the type of interactions (local, global, or mesoscale). Recent approaches using Bayesian belief networks as a framework for food webs showed that no single network theory index provided a reliable guide to optimal management strategies for all food webs (McDonald-Madden et al. 2016) . The indices were applied to a range of terrestrial and marine food webs to reveal which index identified the best species to conserve that would also conserve the maximum number of species compared with an optimal strategy. In this case, the optimal strategy was based on the cost of species management and a fixed budget. In food webs of low connectivity degree a local measure performed best. For analysis of real food webs approaching our level of complexity but without capturing all the dynamics, the modified version of the Google PageRank global measure performed best, minimizing the chance and severity of negative management outcomes.
Demersal fish were most often identified as important species within the additive IENs and also as indirect keystone prey species within the synergistic IENs. Recent work using changes in species distributional overlap since 1992 of 61 species including demersal species showed that demersal species have become more important as a structural keystone species to maintaining ecosystem stability (Griffith et al. 2018) . The changes in species overlap strongly correlated with regional oceanographic changes from increasing southward transport of warmer and saltier water with the East Australian current. This study, however, showed no correlation between changes in demersal species abundances and the oceanographic changes.
We found that mesopelagic fish species were important species within the synergistic IENs at all 3 scales of interaction effect (local, mesoscale, global) . This suggests that any reduction of the biomass of this species will have a greater than expected effect in reducing the biomass of other species that also responded synergistically to the combined effect of the stressors. Our results are consistent with growing evidence on the important linkage role of midtrophic-level species, such as mesopelagics, in relaying trophic flow from basal species to top predators (e.g., Cury et al. 2000; Livi et al. 2011; Nye et al. 2013) . Mesopelagic species are an important prey species of the southeastern Australian marine system (Smith et al. 2011) and dominate the neustonic layers not only of this region but also the Atlantic, Indian, and Pacific Oceans (Olivar et al. 2016) . Mesopelagic fish abundance could be underestimated by one order of magnitude suggesting that the role of these species in the ocean might need to be revised (Kaartvedt et al. 2012) . Until recently, mesopelagics have received little fisheries or ocean management attention, although the productivity of these short-lived high-biomass species would make them prime fisheries targets should a market develop. Given the potentially important structural role of mesopelagic species with multiple stressor effects, our results suggest the importance of further research on and conservation and careful management of direct targeting of these species.
The greatest variation in important species occurred within the antagonistic IENs. In one sense this may be good news for ocean management suggesting redundancy in the antagonistic interactions if an important species is removed. However, in some cases, such as zooplankton, these species have short life histories with limited buffer capacity and are vulnerable to increasing ocean acidification (Griffith et al. 2011) . Thus, it is possible that under extreme global and increasing regional human impacts these species may drop to very low biomass levels, leaving marine ecosystem structures composed of a fewer species with key roles in transferring an antagonistic response.
Structural importance of a species does not imply that the species may also be the most important functional species. The 6 structural indices and the 1 functional index were not correlated for the synergistic and antagonistic IENs. Previous comparisons of structural and functional indices showed the best correlation occurs when links are weighted (e.g., combined effect size) and for local structural indices, such as betweenness, that included indirect interactions (Jordán et al. 2008; Scotti & Jordán 2010 ). In our case, only the structural local index betweenness and the global structural index Google Page Rank applied to the additive IENs identified the same important species as functional keystoneness index.
We argue that our approach is important because it shows the species that are linked by each type of interaction stressor effect dynamically and how the composition and strength of interaction effect changes with the ongoing impact of the multiple stressors. Deconstructing multiple stressor effects in this way identified important structural changes with on-going stressor effects. Our results showed that the majority of species were linked by an additive response. This would seem to support the view that the majority of structural links could be maintained using management efforts based on additive expectations. In both theoretical and applied research, the effect of multiple stressors is commonly assumed to be the additive accumulation of effects associated with single stressors. This view has proved useful for identifying large-scale impacts of human stressors on ecosystem (Klein et al. 2010; Brown et al. 2013) . Assuming additive interactions is considered an appropriate middle ground in estimating the potential impact of stressors at an ecosystem level (Brown et al. 2013) . From a management perspective, an additive effect allows for a straight-forward expectation of response predictable from the response of the individual stressors (Crain et al. 2008; Halpern et al. 2008; Brown et al. 2013) . Managing any of the stressors and in particular the largest stressor will have the greatest benefit.
Our approach, however, also showed the importance of considering the structure and robustness of the synergistic and antagonistic IENs. The architecture of interactions affects the stability properties of dynamic networks (Qattin et al. 2004; Dunne 2006) . The alteration of interaction structures may explain the loss of ecosystem robustness that can trigger rapid ecosystem state changes (Carpenter & Brock 2006; Carpenter et al. 2011) . We noted an increase in the size and robustness of the synergistic IENs (Fig. 3d) with a concurrent decrease in the size and robustness of the antagonistic IENs. Synergistic responses are of significant concern because predicting effects from individual stressors or by assuming an additive response will underestimate the actual negative stressor effects (Brown et al. 2013 ). In traditional foodweb studies, robustness is considered a positive attribute (Dunne 2006 ). In our case, the strengthening robustness of synergistic links with combined stressor effects may be a negative attribute. The sobering finding in this case is that any conservation efforts, such as maintaining the biomass of key species, we identified within the synergistic IENs, such as mesopelagic fish, may have a less than expected benefit. Antagonistic interaction pathways comprised 24% of all interactions at year 2010 and decreased to 14% by 2050. The decrease in the robustness of species linked by an antagonistic response also has potential management implications. Increasing the biomass of key species, such as zooplankton, may again not have the expected outcome because the number of species linked by an antagonistic interaction effect response decreases with on-going stressor effects.
We are not suggesting that management of the species we have identified as most important within synergistic or antagonistic IENs is practical and would have a greaterthan-expected conservation benefit. In considering the allocation of scarce resources to the global biodiversity crisis, our framework highlights 3 important considerations. First, there is a need to consider the subsets of species linked by different interaction effects from the impact of multiple stressors. Second, identifying important species to conserve based on straightforward assumptions of an additive response may not identify the optimal species to manage. Third, the most important species to conserve may change with the ongoing complex interaction effects of multiple stressors.
